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Underwater Hyperspectral Imaging Using a
Stationary Platform in the Trans-Atlantic
Geotraverse Hydrothermal Field
Ines Dumke , Martin Ludvigsen, Steinar L. Ellefmo, Fredrik Søreide, Geir Johnsen, and Bramley J. Murton
Abstract— Underwater hyperspectral imaging is a relatively
new method for characterizing seafloor composition. To date,
it has been deployed from moving underwater vehicles, such as
remotely operated vehicles and autonomous underwater vehicles.
While moving vehicles allow relatively rapid surveying of several
10–1000 m2, they are subjected to short-term variations in
vehicle attitude that often compromise image acquisition and
quality. In this study, we tested a stationary platform that was
landed on the seabed and used an underwater hyperspectral
imager (UHI) on a vertical swinging bracket. The imaged seafloor
areas have dimensions of 2.3 m × 1 m and are characterized
by very stable UHI data of high spatial resolution. The study
area was the Trans-Atlantic Geotraverse hydrothermal field at
the Mid-Atlantic Ridge (26° N) in water depths of 3530–3660 m.
UHI data were acquired a 12 stations on an active and an inactive
hydrothermal sulfide mound. Based on supervised classification,
24 spectrally different seafloor materials were detected, includ-
ing hydrothermal and non-hydrothermal materials, and benthic
fauna. The results show that the UHI data are able to spectrally
distinguish different types of surface materials and benthic fauna
in hydrothermal areas, and may therefore represent a promising
tool for high-resolution seafloor exploration in potential future
deep-sea mining areas.
Index Terms— Image classification, remote sensing, spec-
troscopy, terrain mapping, underwater object detection.
I. INTRODUCTION
HYPERSPECTRAL imaging is defined as the acquisitionof image data over hundreds of narrow, contiguous spec-
tral bands [1]. Each image pixel contains a full spectrum of dif-
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ferent spectral components comprising information about the
surface material (soil/rock), biology (vegetation/encrustation),
atmosphere/water, as well as the properties of the illumination
source and geometry, and the imager [1], [2]. To obtain
a reflectance spectrum specific for a particular material or
object of interest (OOI), calibrations correcting for all external
influences are required [3], [4]. The reflectance spectrum
represents the percentage of light that is reflected off the OOI
at each wavelength.
Different OOIs can be discriminated based on their charac-
teristic reflectance spectra (optical fingerprints), allowing char-
acterization of OOIs through spectral classification. In spectral
classification, each image pixel spectrum is compared to a set
of known endmember spectra, e.g., from a spectral library or
field samples, to find the best matching endmember spectrum
and identify OOIs [3], [5]. Spectral classification results are
generally output as coverage maps showing the distribution of
different OOIs in a given area.
For subaerial purposes, hyperspectral data are typically
acquired by hyperspectral imagers on airplanes or satellites.
These hyperspectral imagers are passive imagers as they use
the sun as a light source for surface illumination. They record
the intensity of reflected solar radiation over a wavelength
range of 400–2500 nm [2], [6], [7] and are used in both
onshore and offshore settings.
Subaerial hyperspectral studies are conducted for different
purposes, including the mapping of vegetation [8], [9] and
infrastructure [10], [11]. An important application is mapping
surface minerals and soils to detect ore deposits for min-
eral exploration [2], [6], [7], [12], [13]. As many minerals
are associated with characteristic absorption spectra in the
near-infrared and infrared parts of the solar spectrum [14],
hyperspectral imaging provides useful information on surface
composition in potential mining areas [6], [15].
Passive airborne and spaceborne hyperspectral imagers have
also been used in offshore settings to map and characterize
seafloor habitats, e.g., seagrass and kelp habitats and coral
reefs [16]–[20]. However, due to the attenuation of specific
wavelengths and intensity with depth, these applications were
limited to shallow waters (<20 m depth) and nonturbid (clear)
coastal fringes.
To enable hyperspectral seafloor imaging surveys in deeper
waters with no natural light penetration, active underwater
hyperspectral imagers (UHIs) such as the UHIs by Ecotone
AS, Trondheim, Norway [21], [22], have been developed over
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the past eight years. These imagers are combined with external
light sources for seafloor illumination and can be deployed
in water depths of up to 6000 m [21]–[26]. Given the strong
in-water attenuation of near-infrared and infrared wavelengths,
the UHIs mostly cover the visible range of wavelengths at high
spectral (up to 0.5 nm) and spatial resolutions (millimeter–
centimeter range).
UHIs are typically deployed on remotely operated vehi-
cles (ROVs) that are operated in close proximity (a few meters)
to the seafloor [23]–[26] to account for the range and wave-
length dependent attenuation of light in seawater. Recently,
a UHI was also used on an autonomous underwater vehicle
(AUV) [28]. Moving UHI platforms allow mapping of larger
seafloor areas, but they are also subjected to vehicle motion
and variations in pitch, roll, and altitude, which influence
the UHI measurements and may compromise data quality.
Remotely operated stationary platforms might provide more
stable UHI data, but so far, stationary UHI measurements have
not been conducted, except for SCUBA-based UHI surveys
using a UHI on a tripod in shallow waters [25].
Previous UHI surveys mainly focused on biological map-
ping, e.g., at cold-water coral reefs and kelp forests [24], [25].
However, the UHI method is also suitable for mapping and
characterizing geological seafloor materials [23] and was
recently applied to image manganese nodules in 4200 m
water depth [26]. These results indicate that UHIs are able
to spectrally distinguish different types of geological mate-
rials, despite the limitation to the visible range of the solar
spectrum. Underwater hyperspectral imaging may therefore be
a promising method for high-resolution mapping and classi-
fication of seafloor materials in areas considered for poten-
tial future seabed mining operations. Aside from manganese
nodules, current targets for seabed resource exploitation are
seafloor massive sulfide (SMS) deposits in hydrothermal
areas [29]–[33].
SMS deposits are typically found at plate boundaries, and in
particular along the mid-ocean ridges [34], [35]. There are over
350 known examples, including the Atlantis II Deep in the Red
Sea [36], the East Pacific Rise near 21° N [37], and several
areas along the Mid-Atlantic Ridge, such as the Ashadze
(13° N) and Krasnov (16° N) hydrothermal fields [38],
the Trans-Atlantic Geotraverse (TAG) hydrothermal field at
26° N [39]–[43], and the Loki’s Castle vent field at 73° N [44].
At these locations, mineral deposits form at and beneath
the seafloor through precipitation from hydrothermal fluids
during contact with cooler seawater. SMS are predominantly
composed of sulfide minerals rich in base metals (Cu, Fe, Zn,
and Pb), but may also contain Ag and Au [34], [41], [42].
Due to their mineral composition, SMS are regarded as an
important potential resource for exploitation [29]–[31].
Exploitation of SMS is not yet an active industry, but is
predicted to start within the next few years in the Bismarck
Sea, Papua New Guinea, where Nautilus Minerals has been
granted the first exploitation license for SMS [45]. Prior
to exploitation, extensive exploration is required, including
high-resolution mapping and characterization of both the
seafloor and the subsurface. Seafloor exploration surveys at
high spatial resolution are also important for environmental
management in potential mining areas to understand and mit-
igate the impact of future mining operations on hydrothermal
ecosystems [46]–[50].
Here, we present high-resolution active hyperspectral image
data from the seafloor at two hydrothermal SMS mounds
located in the TAG hydrothermal field at the Mid-Atlantic
Ridge (26° N). We report the first use of a UHI scanning
unit on a stationary platform (the Hydraulic Benthic Inter-
active Sampler system—HyBIS) in deep (3600 m) water.
The acquisition system is evaluated for performance and
data quality, and recommendations for future UHI surveys
are given. Supervised classification is performed to analyze
abundance and distribution of spectrally different materials,
and a preliminary spectral library is created for the TAG area.
II. TAG HYDROTHERMAL FIELD
The TAG hydrothermal field is located on the Mid-Atlantic
Ridge between 26° 8’N and 26° 10’N [Fig. 1(a)] and has been
studied intensively since its discovery in 1985 [39]–[42], [51],
[52]. With an area of approximately 5 km × 5 km, it is
one of the largest known submarine hydrothermal fields and
comprises both active and inactive sulfide deposits in water
depths of 3400–3700 m.
The best studied deposit is the TAG Mound [Fig. 1(c)],
a hydrothermally active sulfide mound approximately 250 m
in diameter and 45 m high, which is composed largely of
massive sulfides (pyrite, chalcopyrite, and sphalerite) often
cemented by anhydrite [40], [51], [55]. Hydrothermal fluids
with temperatures of up to 366 °C are discharged from a
black smoker complex at the top of the mound. Radiometric
dating of hydrothermal deposits indicated an evolution over
at least 140 000 years, characterized by recurring phases of
high-temperature activity, the most recent of which may have
begun about 80 years ago [56].
In addition to the active TAG Mound, several inactive
sulfide deposits exist in the area. These deposits include the
elongated MIR zone (0.7 km × 1 km) and several sulfide
mounds comparable in size to the TAG Mound, namely,
Southern Mound [Fig. 1(b)], Shinkai Mound, Alvin Mound
(also known as Double Mound), and Shimmering Mound.
The mounds have diameters of approximately 150–200 m and
are partially covered by pelagic sediments, with discontinuous
outcrops of sulfides and relict chimneys [40], [41]. Recent
new high-resolution (0.5 m2) bathymetric data also reveal the
presence of additional smaller sulfide mounds in the TAG
field [54].
III. METHODS
A. Data Acquisition
1) UHI Surveys: Hyperspectral data were acquired in the
TAG hydrothermal field in 2016 during the Blue Mining cruise
JC138 onboard the RRS James Cook. Survey stations were
chosen based on a relatively flat bathymetry that allowed safe
landing of the HyBIS robotic unterwater vehicle (RUV), and
the presence of potentially hydrothermal material as inferred
from the HyBIS video feed. For comparison purposes, non-
hydrothermal material, including seabed fauna, was also tar-
geted. Two UHI surveys were conducted, one in the area of the
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Fig. 1. Overview of the study area. (a) Ship-based bathymetry (30 m resolution) showing the TAG hydrothermal field (location marked in the inset) with the
study areas TAG Mound and Southern Mound. The white dashed line indicates the ridge center. Plate boundaries are from [51]. (b) UHI stations at Southern
Mound (second survey). (c) UHI stations at and around TAG Mound (first survey). The high-resolution bathymetry (0.5–2 m resolution) shown in (b) and (c)
was collected by the AUV Abyss (GEOMAR) during RV Meteor cruise M127 in 2016 [54]. Note that the color scale in (a) differs from that in (b) and (c).
active TAG Mound and one at the inactive Southern Mound.
In total, data were recorded at 12 stations, located inside a
former lava lake pit 900 m east of TAG Mound (station 1),
close to or on TAG Mound (stations 2–5), on the western
flank of Southern Mound (stations 6–7), on Southern Mound
(stations 8–11), and in a gully east of Southern Mound (sta-
tion 12) [Fig. 1(b) and (c)]. Water depths at the stations were
about 3638–3655 m for the TAG survey (stations 1–5) and
3530–3561 m for the Southern Mound survey (stations 6–12).
2) Underwater Hyperspectral Imager: Hyperspectral
image data were acquired using a UHI depth-rated to
6000 m, which was developed by Ecotone AS (Trondheim,
Norway) [21], [22]. The UHI consists of a fore lens (8 mm),
a spectrograph, and a light-sensitive sCMOS camera in an
underwater steel housing [25], [26]. It is a push-broom scanner
with beamwidths of 60° (transverse) and 0.4° (longitudinal)
and is mounted looking vertically downward [Fig. 2(b)].
Hyperspectral data are recorded for a line of 1600 pixels
perpendicular to the track direction. To acquire image data
along a survey track, the UHI needs to be moved forward at
a relatively constant speed (approximately 0.05 m·s−1 [26]).
Reflected light intensities can be measured for up to 896
spectral bands between 378 and 805 nm, with a spectral
resolution of 0.5 nm. In this study, hyperspectral data were
recorded at 30 Hz for 224 spectral bands with a spectral
resolution of 2 nm.
3) Acquisition Setup: The HyBIS RUV [Fig. 2(a)] was used
as the mounting platform for the UHI. Designed by Hydro-Lek
(Finchampstead, U.K.) and the National Oceanography Centre
(Southampton, U.K.), HyBIS is a remotely operated underwa-
ter platform that can be deployed down to 6000 m water depth.
It is typically used for seafloor video surveys and sampling,
and provides a versatile alternative to a conventional ROV,
the main difference being that HyBIS lacks any floatation and
is subjected directly to the ship’s motion via the umbilical
cable [57]. Positioning information was provided by a Sonar-
dyne ultra-short baseline (USBL) transponder.
Although HyBIS can be moved via its thrusters, it acted as
a lander in this study and was stationary on the seafloor during
UHI measurements. The UHI was mounted on a vertical
swinging bracket attached to the front of the HyBIS frame
and actuated by a hydraulic ram [Fig. 2(a) and (b)]. The
UHI’s viewing slit of 1600 pixels was oriented perpendicular
to the HyBIS frontal frame. Forward motion of the UHI was
achieved by swinging the UHI 40° (from vertical) to HyBIS
port and starboard [Fig. 2(b)] and thus simulating a survey
track covering an area of approximately 2.3 m × 1 m in
front of HyBIS. The central altitude of 0.97 m (swinging angle
of 0°) resulted in a resolution of 0.7 mm per image pixel; at
the track ends (swinging angle of ±40°), the resolution was
1 mm per pixel.
Seafloor illumination was provided by two halogen lamps
(Deep Multi-SeaLite, 250 W each) mounted at a fixed distance
of 23 cm from the UHI’s center [Fig. 2(a) and (b)]. The lamps
were slightly angled toward the UHI (about 5°) to ensure
overlap of their light cones beneath the UHI. As the lamps
could only be mounted in front of and behind the UHI, rather
than on either side, seafloor illumination was best in the center
of the surveyed track. All other HyBIS lamps were turned off
during UHI data acquisition.
B. Data Processing
The raw UHI data were influenced by several factors,
including the seafloor material, illumination, the inherent
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Fig. 2. (a) HyBIS with the UHI mounted at the front. (b) The UHI was mounted on a vertical, hydraulically actuated swinging bracket that swung the UHI
in an 80° arc (from −40° to 40°) to allow surveying along a 2.3-m-long track in front of HyBIS. Two halogen lamps attached on either side of the UHI
provided seafloor illumination.
optical properties of the water column, UHI altitude and
swinging angle, and the sensor itself. The aim of the data
processing was to correct for all external influences and
obtain reflectance data with spectral responses specific for
the seafloor material. Processing of the UHI data was done
using a combination of the Hypermap software (Ecotone)
and MATLAB (Mathworks). The following processing steps
were applied: 1) calibration of the raw data (digital counts)
to radiance data (in W·m−2·sr−1·nm−1); 2) calibration of
radiance data to reflectance data; and 3) geocorrection.
1) Calibration to Radiance Data and Subsetting: Calibra-
tion of the raw UHI data to radiance data removed sensor-
specific influences through radiometric correction and was
done using the Hypermap software. Following radiance cali-
bration, spatial subsetting of the data was performed to remove
redundant information at the track ends where the UHI was
not yet or no longer moving, but still recording. It was also
necessary to cut off a 15–20 cm wide part of the track
containing part of the lower HyBIS frame, which was in the
field of view of the UHI. In addition, spectral subsetting was
applied to remove noisy outer bands and reduce the data to
174 spectral bands between 400 and 730 nm. The spectral
resolution (2 nm) was not affected by this step.
2) Calibration to (Pseudo) Reflectance: Calibration of
radiance to reflectance data involves the removal of influ-
ences from illumination, inherent optical properties of the
water column, and acquisition geometry, so that the spectral
responses depend only on the seafloor material. To correct for
illumination influences, an illumination reference is required
that describes the spectral characteristics of the illumina-
tion conditions during data acquisition for the wavelength
range used (378–805 nm). The illumination reference may be
obtained from a Spectralon reference standard [23], [25], [58]
or from a combination of light intensity measurements
under different angles and radiative transfer modeling [23],
but it can also be approximated from the radiance
data [26].
To obtain an illumination reference directly from the radi-
ance data and correct for illumination influences, we developed
a MATLAB-based approach in which the spectral intensities
stored in each pixel spectrum were first normalized along
the track to the level of the central altitude (UHI in vertical
position). This step removed illumination influences related
to along-track changes in distance to the seafloor, which was
due to the change of the swinging angle and the associated
slant range. The pixel spectra were then corrected in across-
track direction via along-track median spectra, a procedure
that had been successful in correcting across-track illumination
variations in a previous data set acquired with the same
UHI [26]. Further details are given in Section III-B2a and
III-B2b. We assumed that this approach also corrected for
influences from water column properties, which were unknown
for all UHI stations but were assumed to be constant during
the period of study at each site.
a) Along-track intensity normalization: Intensity normal-
ization was performed in MATLAB, which treats hyperspectral
data as a spectral cube, i.e., a 3-D array A(m, n, i) of m lines
(the number of lines along the track), n samples (the number of
pixels of the UHI slit, or across the track), and i spectral bands.
While the number of recorded spectral bands and samples was
constant for all tracks (174 spectral bands and 1598 sam-
ples), the number of lines varied between 420 and 770
(on average 584). The following calculations are all based on
this data structure.
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Fig. 3. Schematic for the acquisition geometry. α = swinging angle, u =
distance from UHI lens to UHI pivot, h = central altitude (UHI in vertical
position), a = altitude, s = slant range, g = ground range, and x = horizontal
distance between UHI lens and central position.
For intensity normalization, the swinging angle and the
slant range needed to be known. The swinging angle was not
recorded along the track, and therefore had to be approximated
from the acquisition geometry. To calculate the swinging angle
and slant range, the following assumptions were made: 1) the
rate of change of the swinging angle was constant along the
track; 2) each track represented a full 80° swing from −40°
to +40°; and 3) the seafloor was flat relative to HyBIS.
For each line m along a survey track, the swinging angle α
was calculated as
α(m) = (m − 1)α − 40° (1)
where α corresponds to the angle interval between two
consecutive lines m, assuming a constant rate of change of
α and a full 80° swing:
α = 80°
mtotal
(2)
where 80° corresponds to a full swing from −40° to +40°
from vertical and mtotal is the number of lines along the survey
track. Each angle α(m) was associated with a slant range s(m),
which is the distance between UHI lens and seafloor along the
light path (Fig. 3). Using the trigonometric relationship
cos α(m) = h + u
s(m)+ u (3)
where h = 0.97 m is the central altitude or minimum slant
range (UHI in vertical position) and u = 0.4 m is the distance
between UHI lens and pivot (Fig. 3), the slant range was
calculated as
s(m) = h + u
cos α(m)
− u. (4)
The path length of the reflected light was simplified as 2s
by assuming that the light was issued from and reflected to
the same point (i.e., the UHI lens). Although the lamps were
mounted at a distance of 23 cm outboard from the UHI, this
assumption was regarded as true because the lamps were on
the same level as the UHI lens and their light cones overlapped
to ensure greatest illumination at the UHI lens. Based on this
assumption, the radiance data were normalized to twice the
central UHI altitude (2h)
intnorm(m, n, i) = int(m, n, i)2s(m)2h (5)
where int(m, n, i ) is the radiance intensity of the image pixel
(m, n) for the spectral band i .
b) Across-track illumination corrections to
obtain (pseudo) reflectance: To correct for across-track
illumination differences, we used an approach that had
worked well for illumination equalization in a previous
study [26]. In the following, the notation S is used to describe
a spectrum, i.e., a vector with a dimension equal to the
number of spectral bands.
For each sample n along the UHI slit, a reference spec-
trum Sref (n) was calculated as the median spectrum of all
normalized radiance spectra Snorm (m, n) recorded for this
sample n along the survey track. For each image pixel (m, n),
the normalized radiance spectrum was then divided by its
respective reference spectrum
Scorr(m, n) = Snorm(m, n)Sref(n) (6)
where Scorr (m, n) is the corrected spectrum for image
pixel (m, n).
It is important to note that with this method of data
processing, i.e., using median spectra as illumination ref-
erence, the processed data were not true reflectance. The
applied method was able to correct for most of the illumina-
tion influences, but residual illumination effects, and possibly
influences from water column properties, may remain. The
processed data therefore represent pseudo-reflectance rather
than true reflectance data [24]. Although it would generally be
preferable to have true reflectance data, this is not necessary
for spectral classification.
3) Geocorrection: Geocorrection, which included georefer-
encing and correction for the UHI attitude during acquisition,
was done using the geocorrection tool of the Hypermap
software. This tool required the input of a navigation file
containing information on positioning and attitude during
acquisition. When UHI data are acquired on an ROV, this
information is obtained from the ROV navigation file. With
acquisition on HyBIS, however, the HyBIS navigation file
did not contain the necessary information, as only the UHI
was moved along a survey track, while HyBIS remained
stationary. An artificial navigation file was therefore created
by calculating the required geometric parameters based on the
HyBIS position and acquisition geometry.
For the navigation file, the UHI altitude and positioning
(latitude and longitude) were calculated for each line m along
the track based on the acquisition geometry shown in Fig. 3.
Using the intercept theorem
a(m)
s(m)
= h + u
s(m)+ u (7)
This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
6 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING
the UHI altitude a(m) for each line m was calculated by
a(m) = s(m) h + u
s(m)+ u . (8)
The UHI position was then calculated from the central UHI
position (α = 0) and the horizontal distance x(m) to this
position. The central UHI position was determined from the
known HyBIS position and the fixed distance between the
UHI and the HyBIS USBL transponder. Applying the intercept
theorem based on Fig. 3,
g(m)
s(m)+ u =
g(m)− x(m)
s(m)
(9)
where g(m) represents the ground range and x(m) the hori-
zontal distance between the UHI lens and the central position
in the swinging direction. The ground range g(m) for each
line m was calculated as
g(m) = (s(m)+ u) sin α(m) (10)
Solving (9) for x(m) results in
x(m) = g(m)
(
1− s(m)
s(m)+ u
)
. (11)
Based on the distance x(m) and the UHI’s central posi-
tion, the UHI position for each line m was then calculated
via MATLAB’S reckon function. After entering altitude and
positioning information into the navigation file, geocorrection
was performed and the data were output with a pixel size
of 1 mm.
After georeferencing, the areas imaged at each station were
approximately 2.3 m in length, while the track width increased
from 0.65–0.7 m at the center to 0.9–0.95 m at the track ends.
Because of the acquisition method and associated changes in
altitude and slant range along the track, the spatial resolution
is highest in the center of the imaged area where the track was
narrowest. The spatial resolution decreases toward both track
ends and thus features at the track ends may appear slightly
blurry.
C. Supervised Classification
Spectral classification was performed to distinguish and
map spectrally different seafloor materials. A standard clas-
sification method, the support vector machine (SVM), was
applied using the ENVI software (Exelis VIS). SVM separates
spectral classes by decision surfaces or so-called hyperplanes
that maximize the margin between the classes, while support
vectors from training data define the points closest to the
hyperplanes [59]–[62]. The method was chosen as it is often
superior to other supervised classification methods [60], [63],
even for noisy and complex data [59]. SVM also provided
good classification results in a previous study using the same
UHI [26].
Training data for the classification were obtained from
the UHI data via user-defined regions of interest (ROIs)
that represented spectrally different materials. The ROIs were
defined manually based on visual differences in the UHI
“pseudo”-RGB data, which was composed of the three spectral
bands 620 (R), 550 (G), and 450 nm (B) (Fig. 4), as well
as visual comparisons of pixel spectra covering the range of
400–730 nm, and appearance in the HyBIS standard definition
RGB video feed prior to landing on the seafloor. Using the
ROIs, SVM was run to produce a first classification image. The
ROIs were then improved by adding more pixels to account
for spectral variability within potential material classes, and
SVM was run again, which was repeated until the SVM output
was satisfying. The SVM classification images were then
smoothed via ENVI’s classification aggregation tool, using a
pixel threshold of five to merge smaller pixel clusters into the
surrounding class.
Determining the accuracy of the SVM results was diffi-
cult due to the general lack of ground-truthing information.
If ground-truthing images of the seafloor areas scanned by
the UHI had been available, the classification accuracy could
have been estimated on a pixel-by-pixel basis via a confu-
sion matrix [64]. Although the HyBIS videos provided some
ground-truthing information, video data were not acquired
along the UHI tracks as the cameras pointed perpendicular to
the UHI track direction. Therefore, the classification accuracy
was estimated from visual comparisons of the SVM images
and the UHI pseudo-RGB images.
To set up a first spectral library for the study area, mean
spectra were calculated for the ROIs of each station. All
mean spectra were then compared to find spectral similarities
between spectra from different stations, which could indicate
the presence of the same materials. Based on these compar-
isons, groups of similar ROI spectra were averaged and stored
in a spectral library containing an endmember spectrum for
each material class.
IV. RESULTS
A. Quality of Pseudo-reflectance Data
Good processing results were obtained for eight of the
12 stations: four stations in the TAG Mound area [stations 1–4;
Fig. 1(c)] and four on Southern Mound [stations 6, 8, 9, and
11; Fig. 1(b)]. The data from these stations were characterized
by very sharp images, especially in the central part of the track,
as well as the absence of processing artifacts and distortions
[Figs. 4 and 5(a)]. Illumination was relatively even both along
and across the track, although some exceptions existed, such
as brighter areas associated with elevated features. Only these
eight stations were used for supervised classification and
further analyses.
For stations 5, 7, and 10, the processing approach worked
less well and resulted in some artifacts in the data. This may
have been partly due to the illumination and landing conditions
at these stations. For example, at station 5, HyBIS half
perched on a rock while leaning 34° to port, and the resulting
illumination differences along and across the track were likely
too large to be corrected with the applied processing method.
At station 12, mainly particles in the water column were
imaged. This particle cloud was not apparent from the video
feed during acquisition.
All stations exhibited shadows in the data, which mostly
occurred at one or both track ends. At stations 1–5, these
shadows were due to the housing of the starboard HyBIS
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Fig. 4. Geocorrected pseudo-reflectance data in pseudo-RGB (R: 620 nm, G: 550 nm, and B: 450 nm). The scale is the same for all images. (a) Station 2 east
of TAG Mound, showing brown-red sediment and potentially hydrothermal rocks with oxide staining. (b) Station 4 on TAG Mound, characterized by a rock
platform with outcrops of atacamite, oxide staining, and anemones. (c) Station 6 on the western flank of Southern Mound, showing mostly pelagic sediment
and dark crusts. The shadowed areas at the top of (a) and lower end of (b) were caused by the housing of the starboard HyBIS lamp. Station locations are
shown in Fig. 1.
lamp. In addition, smaller shadows associated with small-scale
topography were present within the images.
B. Seafloor Characteristics at the UHI Stations
The UHI data and video data from the 12 stations showed a
variety of surface materials. Although the stations only repre-
sented point measurements, they revealed both differences and
similarities between the active TAG Mound and the inactive
Southern Mound.
At and around TAG Mound (stations 2–5), the seafloor
was characterized by dark brown to brown–red sedi-
ments and oxide staining on both rocks and sediments
[Figs. 4(a) and (b) and 5(a)]. Stations 2 and 3 exhibited mul-
tiple oxide-stained rocks [station 2, Fig. 4(a)] and relict
chimneys [station 3, Fig. 5(a)]. Station 4 represented a rock
platform with outcrops of atacamite [Fig. 4(b)]. Anemones
found at stations 3 and 4 [Figs. 4(b) and 5(a)] were the only
seabed fauna imaged by the UHI.
On Southern Mound, sediments were mostly lighter colored
[Fig. 4(c)], but darker red sediments were present at stations 8
and 11. Oxide staining was observed at stations 8, 9, and 11.
Pieces of dark crust were imaged at station 6 [Fig. 4(c)],
and station 9 was characterized by yellow-brown bacterial
mats. Although these mats were blown away completely when
HyBIS landed on the seafloor, the sediment beneath them
had a strong signature in the UHI data. In addition, round
patches of sediment that was slightly darker or lighter than
the background sediment were observed at stations 6 and 7,
and also at station 1 in the former lava lake pit. Station 1 was
mostly characterized by light-colored pelagic sediment.
C. Classification Results
1) SVM Results: In total, 48 ROIs were defined for the eight
stations used for spectral classification. The number of ROIs
per station varied between four (station 9) and ten (station 3),
with an average of six ROIs per station. Due to the presence
of shadows in the data, shadows were included as a separate
ROI for each station.
Overall, the UHI data of all eight stations seemed well
classified by the SVM method. For example, the classi-
fication of atacamite at station 4 [Fig. 6(b)], the orange
oxide staining at station 3 [Fig. 5(b)], the crust at station 6
[Fig. 6(c)], and the bulk part of the anemones [stations 3
and 4; Figs. 5(b) and 6(b)] appeared to be relatively accurate.
However, there were also some exceptions where pixels may
not have been classified correctly, e.g., the spicules of some
anemones [Figs. 5(b) and 6(b)] and the pink oxide staining at
station 2 [Fig. 6(a)], which may be slightly overrepresented in
the classification image.
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Fig. 5. UHI data and interpretations for station 3 on TAG Mound [location shown in Fig. 1(c)]. (a) Geocorrected pseudo-reflectance data in pseudo-RGB,
showing multiple relict chimneys with oxide staining and anemones. The shadow at the top was caused by the housing of the starboard HyBIS lamp. (b) SVM
classification result. Material names are those used in the preliminary spectral library in Table I. (c) Interpretation of the classification result showing the
distribution of potentially hydrothermal materials, benthic fauna, and shadows. ph = potentially hydrothermal, f = fauna, and s = shadow.
Based on the comparisons of the SVM images and the UHI
pseudo-RGB images, as well as results from a previous study
using the same UHI and SVM classification [26], the accuracy
of the SVM results was estimated to about 90%. Especially,
the central parts of the tracks where the spatial resolution was
highest yielded relatively accurate classification results.
2) Spectral Database: Due to the lack of ground-truthing
information, most of the spectrally distinct materials indicated
by the spectral classification results could not be identified.
The exceptions were the anemones [stations 3 and 4; Figs. 4(b)
and 5(a)] and the copper chloride mineral atacamite [station
4; Fig. 4(b)], which was confirmed during the cruise [65].
It was assumed that the other spectrally distinct materials also
represent geologically different materials, but without material
identifications, this assumption could not be confirmed.
Analysis of the 48 ROI mean spectra revealed nine groups
of two or more similar spectra, suggesting that the same
materials may be present at different stations. Mean spectra
for two examples, the orange oxide staining and red-brown
sediment, are shown in Fig. 7(a). Both of these spectrally
distinct materials occurred at stations 3 and 4 on TAG Mound.
In addition, sediment with spectral characteristics matching
those from stations 3 and 4 was also found at station 11 on
Southern Mound.
A spectral database was created by averaging of similar
spectra, including two types of shadow spectra, and combining
the averaged spectra with additional spectra observed at only
one station. The resulting database contained 26 endmember
spectra (Table I). Of these, 24 represented spectrally dif-
ferent materials in the TAG area: 23 were associated with
geological surface materials and one with anemones. Exam-
ples are shown in Fig. 7(b). In addition, two spectra rep-
resented shadows. Although shadow spectra would normally
not be included in a spectral database for surface materials,
they were included here as they were required for spectral
classification.
Based on appearance in the UHI pseudo-RGB data,
the HyBIS video data, and information on surface materi-
als from rock samples taken at other locations in the TAG
area [54], [65], the 26 endmembers were tentatively divided
into the categories “potentially hydrothermal,” “potentially
non-hydrothermal,” “fauna,” and “shadow.” Category “poten-
tially hydrothermal” contained 14 endmember spectra, includ-
ing the confirmed atacamite (Table I). The other endmembers
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Fig. 6. SVM classification results for the stations in Fig. 4. (a) Station 2. (b) Station 4. (c) Station 6. Material names are those used in the preliminary
spectral library in Table I. ph = potentially hydrothermal, pnh = potentially non-hydrothermal, f = fauna, and s = shadow.
were mostly associated with different oxide stains observed,
e.g., at stations 2 and 3 [Figs. 4(a) and (b) and 5(a)] and darker
sediments that may have some hydrothermal content (Table I).
Category “potentially non-hydrothermal” represented pelagic
sediments on Southern Mound and at station 1, as well as the
chemically altered sediment underneath the bacterial mats at
station 9 (Table I).
Coverage estimations for the four categories varied by sta-
tion. For the potentially hydrothermal category, coverage of the
imaged areas varied between less than 1% (station 1) to almost
90% (station 2) (Fig. 8), with 64.4% at station 3 [Fig. 5(c)].
Coverage by the potentially non-hydrothermal category ranged
from 0% (stations 3 and 4) to >90% (station 6), whereas fauna
were only present at stations 3 [4.3%; Fig. 5(c)] and 4 (1.5%)
(Fig. 8). The amounts of shadowed areas were in the range
of 7.5%–51.5%.
The coverages shown in Fig. 8 also indicated differences
between the stations on TAG Mound (stations 2–4) and those
on Southern Mound. At TAG Mound, about 76% of the
imaged areas represented potentially hydrothermal material,
while non-hydrothermal material constituted less than 1%.
In contrast, only about 24% of the seafloor at the South-
ern Mound stations was considered potentially hydrothermal,
while 47% was non-hydrothermal.
V. DISCUSSION
A. Advantages and Disadvantages of a Stationary UHI
Platform
The UHI-HyBIS configuration had the advantage of being
more stable than a moving platform. By swinging the UHI
from side to side, while HyBIS was stationary on the seafloor,
relatively well controlled UHI motion was achieved. This
motion was free from variations in roll or heading that would
inevitably occur when using a moving platform such as an
ROV or AUV. Variations in vehicle attitude may lead to
distortions in the image, especially in across-track direc-
tion, resulting in a lower spatial resolution that can also
influence spectral classification [62]. Without such variations,
the overall data quality and spatial resolution of the UHI
data in this study are higher than for previous UHI data
sets [24]–[26].
The changing altitude was a challenge to data processing
as it resulted in a systematic change in distance to the
seafloor of both the UHI and the lamps, thus changing the
illumination field along the track. In previous studies using
ROVs [24]–[26], the altitude was generally kept constant
to avoid changes in illumination conditions along the track.
Correcting for the altitude changes therefore required a new
This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
10 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING
Fig. 8. Relative coverage of potentially hydrothermal materials, potentially non-hydrothermal materials, benthic fauna, and shadows at the different UHI
stations (indicated by numbers in brackets).
processing approach, which was complicated by the absence
of altitude measurements, swinging angle measurements,
and an illumination reference, all of which had to be
approximated.
We therefore suggest that continuous measurements of the
UHI altitude and the swinging angle should be done during
UHI data acquisition on a landed platform. It would also
be essential to obtain an illumination reference in order to
correct the data to reflectance. In simple acquisition settings
(e.g., point measurements), this reference can be obtained
from a Spectralon reference standard. To obtain reflectance,
the radiance spectrum is divided by the reference spectrum
from the Spectralon standard [23], [25], [58]. In more com-
plex acquisition settings involving data acquisition along a
survey track, obtaining an illumination reference is not trivial
as variations in sensor altitude, pitch, roll, and heading all
influence the light field and thus have to be taken into account.
In the case of acquisition on HyBIS, seafloor illumination
varied both across and along the survey track, due to the
lamps illuminating mostly the central portion of the track,
and the distance to the seafloor changing with the swinging
angle. An illumination reference would therefore have to be
obtained for each swinging angle and across the entire track.
This could not be realized during data acquisition and therefore
an illumination reference was not obtained.
Another setup-induced disadvantage was the imaging of the
lower part of the HyBIS frame. As this part of the track had
to be cutoff, not the full swath width was available for further
analysis and classification. However, the loss of information
was not considered high, given that most of the removed
image areas did not appear to contain any additional materials
not present in the main part of the track. To avoid imaging
the frame, the UHI would have had to be mounted at some
distance from it, as the UHI’s viewing angle of 60° is fixed.
Such a mounting setup was not possible and would not only
have compromised platform stability, but also put the UHI at
greater risk of damage during launch, landing, and recovery
operations.
A major problem during acquisition was the finding of
suitable landing spots in the TAG area. The terrain was
generally steep and characterized either by an abundance of
rocky material (e.g., at and around TAG Mound) or by thick,
soft pelagic sediments (e.g., on Southern Mound). In the UHI
configuration, HyBIS had a relatively high center of gravity
that made it prone to tilting on steeper slopes, and as a result,
the seafloor conditions often made it impossible to land HyBIS
on the seafloor. We therefore recommend that a stationary UHI
platform should be preferably used in flat areas.
Due to the small seafloor coverage of only a few m2, a
landed platform is mostly suitable for small-scale, detailed
studies, e.g., at previously selected targets within a larger and
relatively flat area. As the UHI method is also well suited
for mapping seabed fauna [23]–[26], [66], UHI measurements
using a landed platform may also be applied in habitat
mapping, e.g., as high-resolution control measurements within
areas previously mapped with lower resolution systems.
B. Evaluation of the Data Analysis Procedure
Of the 12 UHI stations, eight yielded good processing
results, showing that the median spectra approach that was
applied in the absence of an illumination reference worked
well in general. The fact that this approach resulted in pseudo-
reflectance data that still contained residual illumination influ-
ences, rather than the true reflectance data, was not an issue for
spectral classification using the SVM method. However, future
studies should focus on obtaining an illumination reference in
order to process the UHI data to reflectance.
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TABLE I
SUMMARY OF THE PRELIMINARY SPECTRAL LIBRARY FOR THE TAG AREA
For data processing, the following assumptions were made:
1) the rate of change of the swinging angle is constant along
the track; 2) each track represents a full 80° swing from
−40° to +40°; and 3) the seafloor is flat relative to HyBIS.
In case these assumptions did not hold, processing results and
potentially classification results may have been influenced.
Assumption 1 was thought to apply to most stations, as the
UHI motion seemed generally smooth. However, a slope in
or opposite to the track direction may have influenced UHI
motion, with the UHI swinging faster on a negative slope.
Slope angles and directions varied at the different stations, but
as the UHI’s swinging angle was not measured, it is unknown
how UHI motion was affected. In general, the difference
in line numbers per track at different stations suggests that
UHI motion was not uniform and thus may not have been
completely smooth along the track.
The UHI likely reached the full 40° at the end of a swing,
but the swing may not always have started at −40°. Therefore,
assumption 2 may not have applied to all stations. Before
the start of a swing, the UHI was held in the −40° position
by the hydraulics of the swinging bracket, but it may have
slid back slowly a few degrees on its own weight before the
swing started. A slope in the track direction would also have
promoted sliding back of the UHI.
In general, assumptions 1 and 2 would not have been
necessary if the UHI angle had been measured during data
acquisition. In case these assumptions did not hold, this would
have influenced geocorrection of the UHI data, i.e., the spatial
relationships of the image pixels. The classification of the pixel
spectra, however, would have been unaffected.
Assumption 3 was generally true for UHI stations that
featured mostly smooth sediments (e.g., stations 6 and 7), but
not for stations characterized by rocks or relict chimneys (e.g.,
stations 3, 5, and 11). Assumption 3 had to be made because
the altitude along the survey track was not measured. Where
the seafloor was not flat, elevated seafloor areas were closer
to the lamps, which resulted in brighter illumination of these
areas. During along-track intensity normalization, these areas
were overcorrected because their calculated distance to the
seafloor was higher than in reality. Consequently, rocks and
other elevated features may appear brighter than other areas
of the same material, which had to be taken into account
for spectral classification. For example, these brighter areas
needed to be included in the ROIs to avoid misclassification.
C. Spectrally Different Surface Materials in the TAG Area
The UHI data show a variety of spectrally different materials
in the TAG area, both at the active TAG Mound and the
inactive Southern Mound. Unfortunately, it was not possi-
ble to identify most of the spectrally different materials.
Material identification would have required seafloor samples
This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
12 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING
Fig. 7. (a) ROI mean spectra for orange oxide staining (material 2) and
brown-red sediment (material 8). Thick lines represent the averaged spectra
entered in the preliminary spectral library (Table I). Numbers in brackets
indicate the UHI stations. (b) Examples of different endmember spectra
normalized to their maximum value. Material names are those used in the
preliminary spectral library in Table I. ph = potentially hydrothermal and
pnh = potentially non-hydrothermal.
from within the scanned areas, but HyBIS could not be
equipped with any sampling gear in the UHI configuration.
Alternatively, materials could have been identified through
comparisons with spectra from existing spectral libraries based
on onshore samples, e.g., the United States Geological Survey
spectral library [64] . However, these libraries typically focus
on the infrared part of the solar spectrum and spectra are given
in reflectance, whereas our data contain pseudo-reflectance
spectra limited to the visible range, thus making a comparison
difficult.
Even without material identifications, it is evident that
different types of hydrothermal and non-hydrothermal seafloor
materials occur in the study area. For example, there are likely
several types of oxides and sediments with varying hydrother-
mal contents present at different stations, as shown in the
preliminary spectral library in Table I. Without confirmation
by ground truthing, however, the material interpretations pre-
sented in Table I, as well as the assignments to the “potentially
hydrothermal” and “potentially non-hydrothermal” categories,
have to be seen as first approximations that require verification.
Similarly, the distribution of the different categories
[Figs. 5(c) and 8] is at present only a rough estimate of
the true distribution of hydrothermal and non-hydrothermal
materials on TAG Mound and Southern Mound. In this context,
it is also important to consider the image areas covered by
shadows, as it is unclear whether these represent hydrothermal
or non-hydrothermal materials, or a combination of both.
Consequently, the shadow areas could possibly change the
proportions of hydrothermal and non-hydrothermal materials
at the different stations, which in turn would change the
general trend at both mounds (76% hydrothermal material
at TAG Mound, 47% non-hydrothermal material at Southern
Mound), given that the relative dimensions of shadowed areas
varied between stations. If more data and ground-truthing
information became available, the coverage estimates could
be improved.
While the seafloor coverage estimates provide an overview
of where hydrothermal materials are likely present, it has to
be noted that the UHI method is a surface imaging method
and is therefore only able to detect hydrothermal materials
exposed at the seafloor. However, in the TAG area and other
hydrothermal areas, hydrothermal deposits, including massive
sulfides, are not necessarily located at the seafloor but in
the subsurface [40], [68], [69]. Detecting buried hydrothermal
deposits is not possible with an UHI or other optical tech-
niques, and thus requires other geophysical methods such as
electromagnetics [70], [71] and seismics [72], [73]. In general,
if hyperspectral imaging methods detect hydrothermal material
at the seafloor, it is likely that hydrothermal deposits are
also present in the subsurface. However, if no or hardly any
potentially hydrothermal material exists at the surface, e.g.,
at station 9 on top of Southern Mound, this does not exclude
the presence of deposits in the subsurface.
D. Survey Procedure for Identification of
Spectrally Different Materials
To identify the spectrally different materials in the TAG
area, more extensive ground-truthing information is required,
including seafloor samples from within the areas scanned by
the UHI. Samples could not be taken as part of the UHI
surveys as HyBIS did not have any sampling equipment
when in the UHI configuration. We therefore suggest the
following procedure for potential future surveys to ensure
material identifications and improvement of the preliminary
spectral library in Table I.
As a first step, new UHI data of various hydrothermal and
non-hydrothermal materials should be acquired, using a UHI
platform with sampling equipment. Survey tracks do not have
to be longer than a few meters. Although a stationary platform
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might be used in this step, a moving platform would be more
suitable for acquisition in the TAG area and other areas with
similar terrain conditions. Given that AUVs cannot be used
for seafloor sampling, it is recommended to use an ROV as
the platform.
It would also be important to acquire the data in a way that
allows obtaining an illumination reference to ensure processing
the data to true reflectance rather than pseudo-reflectance.
Obtaining reflectance data are essential as pseudo-reflectance
spectra may not be comparable to data acquired on other plat-
forms, or to existing spectral libraries containing reflectance
spectra. An illumination reference could be obtained from light
intensity measurements under different angles and subsequent
radiative transfer modeling [23], or from a calibrated reference
standard such as a Spectralon reference plate [23], [25], [58].
If a reference standard is used on the seafloor, it should cover
both the entire length and width of the survey track to account
for along-track and across-track variations in vehicle altitude,
as these influence the illumination field.
Step 2 involves taking physical samples after each survey
track. Samples should include rock material, sediment, and
seabed fauna. Sampling could also be done at the UHI stations
of this study, but it is preferable that sampling would take place
immediately after UHI data acquisition, as surface conditions
may change over time.
In step 3, the seafloor samples, and in particular their
surface materials, should be identified based on geologi-
cal and geochemical analyses. The UHI data should then
be processed to reflectance (step 4) using the illumination
reference.
Step 5 involves setting up a spectral library for the identified
materials. The library should be composed of endmember
spectra obtained by averaging of pixel spectra from the UHI
image at locations where identified samples were taken. Alter-
natively, endmember spectra could be obtained directly from
the samples by conducting hyperspectral measurements in a
lab setting. While it might be easier to obtain reflectance data
in this case [58], these spectra might differ from those of the
survey data due to the different acquisition setup, differences in
light output of light sources, and potentially the use of different
UHIs. Applying a sample-based spectral library to the survey
image data might therefore lead to a poorer classification
result.
After step 5, more UHI surveys should be conducted in
the study area. Once the data are processed to reflectance,
the spectral library can be applied to provide both seafloor
classification and identification of seafloor materials. In case
steps 3 and 4 could be done onboard, the spectral library could
be set up after a first exploratory UHI survey and then used for
a more automated classification of UHI data from subsequent
surveys. These surveys could also be conducted using an AUV
to cover larger areas.
If necessary, the spectral library could be extended as more
UHI surveys are conducted. Based on the material identifi-
cations, the present coverage estimates for hydrothermal and
non-hydrothermal materials should be revised to provide a
more reliable overview of the distribution of these materials
at the studied locations.
VI. CONCLUSION
In this study, UHI data were acquired at 12 locations in
the TAG hydrothermal field at the Mid-Atlantic Ridge, using
an UHI on a stationary seafloor platform. Although landing
the platform on the seafloor was challenging due to the
complex terrain, the acquired data are of high spectral and
spatial resolution and provide very stable images and distinct
optical fingerprints of OOI on the seafloor. Based on spectral
analyses and supervised classification using the SVM method,
24 spectrally different materials were inferred for the studied
sites. Due to lack of ground-truthing and seafloor samples,
it was unfortunately not possible to identify most of these
materials. However, the variety of spectrally different materials
in the study area indicates the presence of different types of
hydrothermal and non-hydrothermal surface materials.
These results show that the UHI surveys are gener-
ally capable of detecting different types of seafloor mate-
rials in hydrothermal areas. Combined with appropriate
ground truthing, UHI would therefore be well suited for
high-resolution mapping and characterization of surface mate-
rials on small spatial scales, i.e., a few m2 for a stationary UHI
platform and several 100 m2 for a moving platform. In addi-
tion, UHI measurements represent a promising method for
habitat mapping and environmental assessments, which will be
essential before and after seabed mining operations [46]–[50].
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